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In the present paper a comprehensive assessment of existing mutual fund
performance models is presented. Using a survivor-bias free database of all US
mutual funds, we explore the added value of introducing extra variables such as
size, book-to-market, momentum and a bond index. In addition to that we eval-
uate the use of introducing time-variation in betas and alpha. The search for the
most suitable model to measure mutual fund performance will be addressed
along two lines. First, we are interested in the statistical signiﬁcance of adding
more factors to the single factor model. Second, we focus on the economic
importance of more elaborate model speciﬁcations. The added value of the
present study lies both in the step-wise process of identifying relevant factors,
and the use of a rich US mutual fund database that was recently released by the












The value of active management has been a source of debate for decades. The
majority of US studies conclude that actively managed portfolios, on average,
under-perform market indices. For example Jensen (1968) and Sharpe (1966)
argue mutual funds under-perform the market by the amount of expenses
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they charge the investor. A study by Ippolito (1989), however, documented
signiﬁcantly positive performance of US mutual funds when compared to
Standard and Poor’s 500 Index (S & P 500). The Ippolito article marked the
renewed interest in mutual fund performance measurement. Subsequent authors
argued that Ippolito’s results were mainly driven by non-S & P 500 holdings in
mutual fund portfolios. This led to the emergence of extended models that con-
trol for several stock market anomalies. For instance, Fama and French, 1992,
1996) add proxies for size and book-to-market, while Carhart (1997) introduces
a stock-momentum variable. Finally Ferson and Schadt (1996) explore the
added value of introducing time-varying betas and alphas in existing models.
By doing this we take into account the fact that fund managers change their
portfolios over time, based on observable information variables.
Most of these papers, however, only deal with one, or at most two different
performance models. Because of the relatively large number of mutual fund
performance models this potentially creates a problem for both academics and
practitioners: what model to use for performance measurement? The purpose of
the present paper is to provide a comprehensive assessment of existing mutual
fund performance models, using a survivor-bias free database of all US mutual
funds. Starting with the most basic single factor Capital Asset Pricing Model
(CAPM), we then explore the added value of introducing extra variables such
as size, book-to-market, momentum and a bond index. In addition to that we
evaluate the use of introducing time-variation in betas and alpha.
The search for the most suitable model to measure mutual fund performance
will be addressed along two lines. First, we are interested in the statistical
signiﬁcance of adding more factors to the single factor model. Second, we
focus on the economic importance of more elaborate model speciﬁcations. The
added value of the present study lies both in the step-wise process of identify-
ing relevant factors, and the use of a rich US mutual fund database that was
recently released by the Center for Research in Security Prices (CRSP).
The remainder of the present paper is organized as follows. In section 2 we
provide a discussion on mutual fund performance models. Section 3 describes
the data. Our empirical results are presented in section 4 and section 5 concludes
the paper.
 




The ﬁrst models used to evaluate risk-adjusted fund performance were based
on the work by Sharpe, Lintner, Treynor and Mossin on the Capital Asset
Pricing Model (CAPM). For instance, Jensen (1968) suggested the use of the



















































































































, gives the Jensen alpha, which is
usually interpreted as a measure of out- or under-performance relative to the
used market proxy.
Such a single factor model, however, assumes that a fund’s investment
behaviour can be approximated using only a single market index, for instance
the S & P 500 for the USA. It does not, however, account for non-S & P 500





propose adding a small cap benchmark to the previous one-factor CAPM. In
addition to that, Fama and French (1992, 1993, 1996) provide strong evidence
for the relevance of yet another factor, besides a small cap index. Based on their
work on the cross-sectional variation of stock returns, Fama and French (1993)
propose a three-factor model. Besides a value-weighted market proxy, two addi-
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Although this model improves average CAPM pricing errors, it is not able to
explain the cross-sectional variation in momentum-sorted portfolio returns.
Therefore Carhart (1997) extends the Fama-French model by adding a fourth
factor that captures the  Jegadeesh and Titman (1993) momentum anomaly. The
resulting model is consistent with a market equilibrium model with four risk
factors, which can also be interpreted as a performance attribution model,
where the coefﬁcients and premia on the factor-mimicking portfolios indicate






























































































































 is the difference in return between a portfolio of past winners












 (1999) propose the inclusion of a
bond index in mutual fund performance assessment. They argue that some
funds invest in higher yielding and risky bonds, which is not picked up by the
risk-free rate (Rf). Although in their analysis the bond index only shows up
signiﬁcantly for less than 50 per cent of all funds, we consider the sensitivity of
funds returns to a government bond index.206 R. Otten, D. Bams / Accounting and Finance 44 (2004) 203–222
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Rit − Rf t = αi + β0i(Rmt − Rf t) + β1iSMBt + β2iHMLt + β3iPR1YRt 
+ β4i(Rbt − Rf t) + εit (4)
where Rbt is the return on a government bond index at time t.
2.2. Conditional models
Traditionally performance is measured using unconditional expected returns,
assuming that both the investor and manager use no information about the state
of the economy to form expectations. However, if managers trade on publicly
available information, and employ dynamic strategies, unconditional models
may produce inferior results. Calculating average alphas using a ﬁxed beta
estimate for the entire performance period consequently leads to unreliable
results if expected returns and risks vary over time. To address these concerns
on unconditional performance models, Chen and Knez (1996) and Ferson and
Schadt (1996) advocate conditional performance measurement.
This is done by using time-varying conditional expected returns and condi-
tional betas instead of the usual, unconditional betas. To illustrate this, consider
the following case where Zt−1 is a vector of lagged predetermined instruments.
Assuming that the beta for a fund varies over time, and that this variation
can be captured by a linear relation to the conditional instruments, then
, where   is a vector of response coefﬁcients of the condi-
tional beta with respect to the instruments in Zt−1. For a single index model the
equation to be estimated reads:
(5)
This equation can easily be extended to incorporate multiple factors, which
results in a conditional model with time-varying betas. The instruments we use
are publicly available and proven to be useful for predicting stock returns by
several previous studies.
1 Introduced are: (i) the 1-month T-bill rate; (ii) divi-
dend yield on the market index; (iii) the slope of the term structure; and ﬁnally
(iv) the quality spread, by comparing the yield on government and corporate
bonds. All instruments are lagged 1 month.
In the present paper we evaluate the added value for performance measure-
ment of introducing time-variation in several betas. First, we let the CAPM
market beta vary over time. Subsequently time-variation is added to SMB and
HML (Fama French model), Momentum (Carhart model) and the bond beta.
Finally Christopherson et al. (1998) and Christopherson et al. (1999) argue
that in the same way beta can be dynamic, alphas may also be dynamic. All
1 Pesaran and Timmerman (1995) discuss several studies that emphasize the predictability
of returns based on interest rates and dividend yields.
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prior models assume abnormal performance to be constant over time. Introduc-
ing time-variation in alpha makes it possible to examine whether managerial
performance is indeed constant, or whether it varies over time as a function of
the conditioning information. Our ﬁnal model therefore introduces time-variation
in alpha, in order to explore the added value for performance measurement.
We formally tested nine model speciﬁcations, which will be evaluated based
on statistical and economical relevance (Table 1).
3. Data
3.1. The CRSP survivor-bias free US mutual fund database
To examine the efﬁciency of existing mutual fund performance models, we
employ the richest commercial database available at this time. Originally
created by Mark Carhart in 1993, the CRSP survivor-bias free US mutual fund
database currently serves as the main database for academic research on fund
performance and behaviour.
2 The database covers all US mutual funds during
the 1962–2000 period. Besides fund returns, it provides a vast range of retriev-
able fund speciﬁc variables. For instance, expense ratio, net-asset value, ﬂows,
turnover, investment style, portfolio holdings and manager information.
The main advantage of this particular database, however, derives from the
fact that dead funds are also included. Several authors documented an over-
estimation of average returns if only funds that survived throughout the entire
sample period were included.
3 This derives from the fact that funds with bad
2 See for example Carhart (1997), Carhart et al. (2002) and Khorana and Servaes (1999).




Model Number of factors
1. Unconditional CAPM 1
2. Unconditional Fama and French 3
3. Unconditional Fama and French + momentum 4
4. Unconditional Fama and French + momentum + bond 5
5. Conditional CAPM 5
6. Conditional Fama and French 15
7. Conditional Fama and French + momentum 20
8. Conditional Fama and French + momentum + bond 25
9. Conditional Fama and French + momentum + bond + alpha 30
CAPM, capital asset pricing model.208 R. Otten, D. Bams / Accounting and Finance 44 (2004) 203–222
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performance are frequently being shut down or merged into other funds. This
kills bad track records and gives an overestimation of the average performance
if only surviving funds are evaluated. In contrast to popular databases such as
Morningstar and Lipper, the CRSP database also provides information on these
non-surviving funds. This enables us to assess survivorship bias in measuring
mutual fund returns.
3.2. Mutual fund data
Using CRSP we construct a database of all domestic US equity funds with at
least 24 months of data. That is, we exclude balanced and guaranteed funds and
equity funds that invest internationally. This leads to a sample of 2436 open-
ended equity mutual funds with monthly logarithmic returns from January 1962
through December 2000. All returns are in US dollars, inclusive of distributions
and net of management fees. To investigate the inﬂuence of investment style on
performance we divide funds into subgroups, using self-reported investment
styles. This leads to six portfolios of funds: aggressive growth/small cap;
growth; growth/income; income; all funds; and a portfolio of surviving funds
only.
4 Summary statistics on these portfolios are presented in Table 2, Panel A.
This table provides a ﬁrst indication of a possible survivorship-bias. Only
including funds that survived through December 2000 would eliminate 288
dead funds, 12 per cent of the database. This would lead to a signiﬁcant over-
estimation of average fund returns of 0.51 per cent on a yearly basis.
5 Therefore
it looks like excluding dead funds has a severe impact on mutual fund perform-
ance measurement.
3.3. Benchmark indices and predetermined information variables
To  determine the explanatory power of a range of performance models,
discussed in the previous paragraph, we use the following benchmarks. From
Eugene Fama we obtain returns on the aggregate US market index and the
factor mimicking portfolios for size (SMB) and book-to-market (HML). The
factor-mimicking portfolio for the 1-year momentum in stock returns (PR1YR)
is provided by Mark Carhart. In addition to that we include the Lehman
Brothers Aggregate Government Bond index to test for cash holdings. Finally
we examine the marginal explanatory power of introducing time-variation in
betas and alpha. In line with for instance Ferson and Schadt, 1996), we use a
4 As CRSP does not make a clear distinction between aggressive growth and small cap
funds we group them into one portfolio. Tests on individual fund results conﬁrm our belief
that these funds invest quite similarly.
5 The corresponding t-statistic for a test for equal means is 2.53.R. Otten, D. Bams / Accounting and Finance 44 (2004) 203–222 209
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collection of public information variables that have been proven to predict
returns and risks over time. Introduced are (i) the 1-month T-bill rate; (ii) divi-
dend yield on the market index; (iii) the slope of the term structure; and ﬁnally
(iv) the quality spread, by comparing the yield of government and corporate
bonds. All instruments are lagged 1 month to be predictive. Panel B and C of
Table 2 present summary statistics on benchmark returns and informational
variables.
Table 2
Summary statistics: January, 1962–December, 2000 
Panel A: Mutual fund returns 
 Panel B: Benchmark returns
  Panel C: Instrumental variables
Investment objective Mean return Standard deviation Number of funds
Aggressive growth/small companies 12.51 20.05 793
Growth 11.56 15.46 985
Growth/income 10.95 14.39 519
Income 12.01 12.53 139
All funds 11.66 16.12 2436





for mean = 0
Cross correlations
RM  SMB HML PR1YR
Market (RM) 11.87 15.33 4.83 1.00 – – –
SMB 1.63 11.16 0.91 0.30 1.00 – –
HML 5.19 9.95 3.25 −0.40 −0.27 1.00 –
PR1YR 12.41 13.82 5.60 −0.01 −0.14 −0.09 1.00
Government bond 7.55 8.42 5.38 0.26 −0.06 0.02 0.09
Variable Mean Standard deviation
Cross correlations
T-Bill Term Default
1-month T-bill 5.00 2.10 1.00 – –
Term spread 1.60 1.35 −0.18 1.00 –
Default spread 1.00 0.45 0.61 0.34 1.00
Dividend yield 3.44 1.10 0.62 0.11 0.62
Note: This table reports summary statistics on the US mutual funds (Panel A), benchmark indices
(Panel B) and instrumental variables (Panel C). The return data are annualized with reinvestment of all
distributions. All fund returns are net of expenses. The market factor is the excess return on the Center
for Research in Security Prices US total market index, SMB the factor mimicking portfolio for size,
HML the factor mimicking portfolio for book-to-market, PR1YR the factor mimicking portfolio for the
12 month return momentum and government bond the excess return on a US Government Bond index;
–, not applicable.210 R. Otten, D. Bams / Accounting and Finance 44 (2004) 203–222
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4. Empirical results
4.1. All funds portfolio
To examine the statistical and economic power of a range of mutual fund
performance models we ﬁrst focus on the results at an aggregated level. That
is, we use an equally weighted portfolio of all funds as input. In a subsequent
analysis we group funds into portfolios based on self-reported investment
styles. This enables us to examine the explanatory power of several models in
more detail. These results will be discussed in section 4.3.
Table 3 presents our ﬁndings with respect to the all funds portfolio. For each
of the nine models we report alpha, beta(s), adjusted R
2 and log-likelihood
(Log L). Using the Log L we perform a standard Likelihood ratio (LR) test in
order to determine whether the explanatory power of the new model differs
signiﬁcantly from a previous one in a statistical sense. These comparisons are
performed on two different levels. First, we compare all models to the previous
model (see column 10 in Table 3). For instance, we examine whether the Fama
French three-factor model ﬁts better than the one-factor CAPM and subsequently
whether the Carhart four-factor model ﬁts better compared to the Fama French
three-factor model. Second, we examine whether the conditional version ﬁts
better than the unconditional version (see last column in Table 3). Again, we
compare the conditional CAPM model to the unconditional CAPM. If two
times the difference in Log L between two models exceeds the corresponding
critical value of a   (d.f.) test statistic we report a yes. If not, a no is
reported, indicating that the new model does not signiﬁcantly add explanatory
power in assessing mutual fund performance.
We start our testing sequence by introducing the CRSP total market index in
a single factor unconditional CAPM, model 1. Using a single factor model only
leads to a yearly alpha estimate of −0.45, a market beta of 1.02 and an adjusted
R
2 of 0.94. Based on these results we could argue that mutual funds follow the
market quite closely, but under-perform the index by 0.45 per cent per year.
This under-performance, however, is not signiﬁcant. The next model we con-
sider is the Fama French three-factor model, which introduces two additional
risk factors, size and book-to-market (model 2). The inclusion of two extra
factors leads to a signiﬁcant increase in Log L, indicating the relevance of the
Fama French model versus the CAPM. Examining the betas enables us to
comment on the funds’ average investment strategies. As the SMB factor load-
ing is signiﬁcantly positive, we believe the all funds portfolio is relatively more
driven by small cap returns than by large cap returns. The HML factor loading
on the other hand is signiﬁcantly negative, indicating a sensitivity to low
book-to-market stocks (growth) instead of high book-to-market stocks (value).
Furthermore the exposure to the market drops to 0.96, after adding SMB and
HML. Controlling for the lower market risk, size and book-to-market exposures,

















































































Empirical results for an equally weighted portfolio of all funds: January, 1962–December, 2000
 
Model Alpha Market SMB HML PR1YR Bond Log L
Signiﬁcant
increase 





Log L to 
unconditional
model?
1. Unconditional CAPM −0.45 1.02*** 0.94 1947.60 –
2. Unconditional FF 0.04 0.96*** 0.22*** −0.06*** 0.96 2054.65 yes –
3. Unconditional FF 
+ momentum
−0.51 0.96*** 0.23*** −0.05*** 0.03*** 0.96 2058.59 yes –
4. Unconditional FF 
+ momentum
+ bond
−0.54 0.96*** 0.23*** −0.05*** 0.03*** −0.04* 0.96 2060.43 no –
5. Conditional CAPM −0.38 0.94 1952.49 yes
6. Conditional FF 0.17 0.97 2104.73 yes yes
7. Conditional FF
+ momentum




−0.46 0.97 2129.08 yes yes
9. Conditional FF
+ momentum + bond
+ conditional alpha
0.97 2129.90 no –
Note: This table reports ordinary least squares estimates for the 9 different models we employ. As input we use an equally weighted portfolio of all mutual funds
in our sample. For each model we provide an annualized alpha, betas, adjusted R
2 ()   and log-likelihood (Log L). Of the betas, the market factor is the excess
return on the Center for Research in Security Prices US total market index, SMB the factor mimicking portfolio for size, HML the factor mimicking portfolio
for book-to-market, PR1YR the factor mimicking portfolio for the 12 month return momentum and government bond the excess return on a US Government
Bond index. The last two columns provide an answer to the question of whether the explanatory of the new model differs signiﬁcantly from the previous model
(column 10) and whether it differs from the corresponding unconditional model (column 11). If two times the difference in Log L between two models exceeds
the corresponding critical value of a   (d.f.) we report a yes. If not, a no is reported, indicating that the new model does not signiﬁcantly add explanatory
value in assessing mutual fund performance. CAPM, capital asset pricing model; FF, Fama and French model; –, not applicable. *** signiﬁcant at the 1% level.
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Model 3 emerges by adding the momentum factor PR1YR, resulting in the
Carhart model. The signiﬁcantly positive PR1YR coefﬁcient signals the sens-
itivity of the all funds portfolio for high momentum stocks. Based on the
increase in Log L, the four-factor Carhart model is better at explaining mutual
fund returns. The inclusion of the momentum factor ﬁnally makes the alpha
estimate decrease to −0.51. The last unconditional model (4) considers the
additional value of a government bond index. Although the Log L of this model
increases compared to the previous model, it does not meet the critical value at
the 5 per cent level. Furthermore the bond beta is negative, which would imply
the overall fund is borrowing bonds. From a statistical viewpoint we therefore
conclude that in an unconditional setting the four-factor Carhart model (3) is
best suited to measure mutual fund performance.
Starting with model 5, we move over to conditional performance measure-
ment. This model introduces time-variation in the CAPM beta. Judging from
the increase in Log L (last column of Table 2), introducing time-variation in
market beta clearly adds explanatory power, compared to the unconditional
CAPM model. Note that for the conditional models we do not report ordinary least
squares estimates for betas (models 5–9) and alpha (model 9) in subsequent
tables. We focus instead on the variation through time of speciﬁc variables.
These results are given in Figure 1, which will be discussed after dealing with
the most extensive model (9).
After adding time-variation to the market beta (model 5) we now allow the
SMB and HML to vary as well (model 6). This not only leads to a signiﬁcant
increase in Log L compared to the unconditional model, but as well to the
previous conditional CAPM model. The alpha from this model now becomes
positive. Therefore, not taking into account time-variation, led to an under-
estimation of managerial performance. Along the same lines we introduce time-
variation in momentum (model 7), bond (model 8) and ﬁnally alpha (model 9).
Based on the increase in Log L. we observe a signiﬁcant improvement for
both models 7 and 8, compared to the previous conditional models with fewer
factors. Only the introduction of time-variation in alpha does not lead to an
increase in explanatory power. Finally all conditional models perform much
better than their unconditional peers (see last column of Table 3).
We  now graphically discuss the time-varying nature of the alpha and betas
discussed before. In Figure 1 we provide the time-varying parameters with
accompanying 95 per cent conﬁdence bounds. These pictures enable us to extract
some interesting conclusions. First, the alpha of the all funds portfolio seems to
exhibit only weak time-variation, as the average estimate moves around −0.5 per
cent quite closely. This conﬁrms the insigniﬁcant increase in explanatory power
of the conditional alpha model (9) compared to the previous model (8). Note
also that at no point is the alpha signiﬁcantly different from zero, based on
the 95 per cent conﬁdence bounds. This implies that after controlling for a
series of relevant risk factors and, in addition to that, time-variation in alpha
and betas, the average mutual fund manager does not beat the market.R. Otten, D. Bams / Accounting and Finance 44 (2004) 203–222 213
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Figure 1 Time-varying alpha and betas for the all funds portfolio: January, 1962–December, 2000.
This ﬁgure presents the time-varying alpha, market beta, SMB, HML, PR1YR and Bond for the all funds 
portfolio. In order to introduce time-variation we allow the alpha, market beta, SMB, HML, PR1YR and 
Bond to vary over time as a function of (1) the 1 month T-bill rate, (2) dividend yield (3) the slope 
of the term structure and (4) the quality spread. Given are the time-varying parameter estimates 
(solid line), while 95% conﬁdence bounds are indicated using dashed lines.214 R. Otten, D. Bams / Accounting and Finance 44 (2004) 203–222
© AFAANZ, 2004
In contrast to the weak time-variation of mutual fund alpha, Figure 1 presents
a clear indication of the time-varying nature of the market beta, SMB, HML,
PR1YR and the bond beta over time. During the last decade (1990–1999) the
average fund increased its exposure to the market index (market), decreased the
small cap overweight (SMB) and moved from a growth bias to a signiﬁcant value
exposure (HML). Conditional models therefore deliver important information
with regard to the dynamic behaviour of mutual fund managers.
4.2. Survivors
As mentioned before, leaving out dead funds leads to an overestimation of
fund returns. Based on raw returns the portfolio consisting of surviving funds
signiﬁcantly out-performs the portfolio of all funds by 0.51 per cent each
year. To examine the inﬂuence of survivorship-bias on risk-adjusted alphas we
re-estimate all model speciﬁcations using the surviving funds portfolio. These
results are reported in Table 4.
The ﬁrst observation we can derive from Table 4 is the higher alpha for all
models compared to Table 3. Using the survivor portfolio, alphas are overestimated
in the range between 0.28 per cent (model 1) and 0.64 per cent (model 5). Our
conclusions with respect to mutual fund investment styles and explanatory
power of the different models, however, remain unchanged. First, beta estimates
for the market, SMB, HML, PR1YR and bond are almost identical. Second,
adding SMB, HML and PR1YR signiﬁcantly improves the unconditional model,
while the bond variable does not. Third, introducing time-variation in betas
leads to a signiﬁcantly better model, while ﬁnally alpha is not time-varying.
Although excluding dead funds is not likely to inﬂuence the statistical power of
our performance models, it does overestimate managerial risk-adjusted per-
formance. Therefore throughout the remainder of the present paper we will use
all US mutual funds available, including dead funds.
4.3. Investment style level
Now we examine whether the previous results are biased because all funds
are pooled within one portfolio. We will investigate the explanatory power of
our nine performance models at the investment style level. Based on self-
reported investment styles we have built four equally weighted portfolios of
funds. This allows us to dig deeper into the drivers of mutual fund returns,
which in turn leads to a more detailed analysis of fund performance. The results
for each individual investment style are reported in Table 5. For brevity reasons
we will not discuss every portfolio in detail, but rather try to assess the overall
results.
In line with prior results indicated in Tables 3 and 4, the inclusion of the
SMB and HML variables (model 2) adds explanatory power to the unconditional














































































Empirical results for an equally weighted portfolio of surviving funds: January, 1962–December, 2000
 
Model Alpha Market SMB HML PR1YR Bond Log L
Signiﬁcant 
increase in 





in Log L to 
unconditional
model?
1. Unconditional CAPM −0.17 1.01*** 0.94 1922.81 – –
2. Unconditional FF 0.57 0.95*** 0.21*** −0.07*** 0.96 2024.60 yes –
3. Unconditional FF 
+ momentum
−0.05 0.95*** 0.22*** −0.05*** 0.04*** 0.97 2031.38 yes –
4. Unconditional FF 
+ momentum + bond
−0.09 0.96*** 0.21*** −0.05*** 0.04*** −0.04* 0.97 2032.88 no –
5. Conditional CAPM 0.26 0.94 1928.77 yes
6. Conditional FF 0.82* 0.97 2077.74 yes yes
7. Conditional FF 
+ momentum
0.14 0.97 2096.26 yes yes
8. Conditional FF 
+ momentum + bond
0.09 0.98 2104.93 yes yes
9. Conditional FF
+ momentum + bond
+ conditional alpha
0.98 2106.19 no –
Note: This table reports OLS estimates for the 9 different models we employ. As input we use an equally weighted portfolio of surviving mutual funds in our
sample. That is, we exclude dead funds. For each model we provide an annualized alpha, betas, adjusted R
2 ()   and log-likelihood (Log L). Of the betas, the
market factor is the excess return on the Center for Research in Security Prices US total market index, SMB the factor mimicking portfolio for size, HML the
factor mimicking portfolio for book-to-market, PR1YR the factor mimicking portfolio for the 12 month return momentum and government bond the excess return
on a US Government Bond index. The last two columns provide an answer to the question whether the explanatory of the new model differs signiﬁcantly from
the previous model (column 10) and whether it differs from the corresponding unconditional model (column 11). If 2 times the difference in Log L between two
models exceeds the corresponding critical value of a   (d.f.) we report a yes. If not, a no is reported, indicating that the new model does not signiﬁcantly add
explanatory value in assessing mutual fund performance. CAPM, capital asset pricing model; FF, Fama and French model; –, not applicable.*** Signiﬁcant at





















































































Empirical Results on investment style level: January, 1962–December 2000
 
Model Alpha Market SMB HML PR1YR Bond Log L
Signiﬁcant 
increase 









1. Unconditional CAPM −0.78 1.18*** 0.87 1508.79 – –
2. Unconditional FF 0.49 1.02*** 0.51*** −0.15*** 0.96 1736.33 yes –
3. Unconditional FF −1.02 1.03*** 0.54*** −0.12*** 0.10*** 0.96 1758.72 yes –
+ momentum
4. Unconditional FF −1.04 1.04*** 0.54*** −0.12*** 0.10*** −0.03* 0.96 1759.87 no –
+ momentum + bond
5. Conditional CAPM −0.47 0.87 1514.24 – yes
6. Conditional FF 0.94 0.97 1780.38 yes yes
7. Conditional FF
+ momentum
−0.63 0.97 1822.92 yes yes
8. Conditional FF
+ momentum + bond
−0.60 0.97 1825.50 no yes
9. Conditional FF
+ momentum + bond
+ conditional alpha
0.97 1826.53 no –
Growth
1. Unconditional CAPM −0.01 0.94*** 0.90 1983.00 – –
2. Unconditional FF 0.42 0.89*** 0.14*** −0.07*** 0.91 2014.94 yes –
3. Unconditional FF
+ momentum
−0.28 0.89*** 0.15*** −0.05*** 0.05*** 0.92 2019.47 yes –
4. Unconditional FF
+ momentum + bond















































































5. Conditional CAPM 0.01 0.90 1991.96 yes
6. Conditional FF 0.47 0.92 2037.56 yes yes
7. Conditional FF
+ momentum
−0.09 0.93 2047.44 yes yes
8. Conditional FF
+ momentum + bond
−0.18 0.93 2056.35 yes yes
9. Conditional FF
+ momentum + bond
+ conditional alpha
0.94 2057.52 no –
Growth/income
1. Unconditional CAPM −0.46 0.92*** 0.96 2231.51 – –
2. Unconditional FF −0.91** 0.96*** −0.09*** 0.07*** 0.97 2286.16 yes –
3. Unconditional FF
+ momentum
−0.66* 0.96*** −0.10*** 0.07*** −0.02* 0.97 2287.92 no –
4. Unconditional FF
+ momentum + bond
−0.68* 0.96*** −0.10*** 0.07*** −0.02* −0.02 0.97 2288.86 no –
5. Conditional CAPM −0.69* 0.97 2248.58 yes
6. Conditional FF −0.89*** 0.98 2375.27 yes yes
7. Conditional FF
+ momentum
−0.79*** 0.98 2389.01 yes yes
8. Conditional FF
+ momentum + bond
−0.79*** 0.98 2391.71 no yes
9. Conditional FF 
+ momentum + bond
+ conditional alpha
2392.85 no –
Model Alpha Market SMB HML PR1YR Bond Log L
Signiﬁcant 
increase 






















































































1. Unconditional CAPM −0.13 0.72*** 0.82 1233.51 – –
2. Unconditional FF −2.31*** 0.83*** −0.15*** 0.27*** 0.90 1315.52 yes –
3. Unconditional FF
+ momentum
−1.52* 0.83*** −0.16*** 0.25*** −0.05*** 0.90 1319.50 yes –
4. Unconditional FF
+ momentum + bond
−1.52* 0.83*** −0.16*** 0.25*** −0.05*** 0.00 0.90 1319.50 no –
5. Conditional CAPM −0.91 0.84 1248.71 yes
6. Conditional FF −2.75*** 0.92 1361.77 yes yes
7. Conditional FF
+ momentum
−1.93*** 0.93 1370.44 yes yes
8. Conditional FF
+ momentum + bond
−1.86*** 0.93 1376.07 yes yes
9. Conditional FF
+ momentum + bond
+ conditional alpha
0.93 1384.81 yes –
Note: This table reports ordinary least squares estimates for the 9 different models we employ. As input we use 4 equally weighted portfolios of mutual funds,
based on self-reported investment styles. For each model we provide an annualized alpha, betas, adjusted R
2 ()   and log-likelihood (Log L). Of the betas, the
market factor is the excess return on the Center for Research in Security Prices US total market index, SMB the factor mimicking portfolio for size, HML the
factor mimicking portfolio for book-to-market, PR1YR the factor mimicking portfolio for the 12 month return momentum and government bond the excess return
on a US Government Bond index. The last two columns provide an answer to the question whether the explanatory of the new model differs signiﬁcantly from
the previous model (column 10) and whether it differs from the corresponding unconditional model (column 11). If 2 times the difference in Log L between two
models exceeds the corresponding critical value of a   (d.f) we report a yes. If not, a no is reported, indicating that the new model does not signiﬁcantly add
explanatory value in assessing mutual fund performance. CAPM, capital asset pricing model; FF, Fama and French model; –, not applicable. *** signiﬁcant at
the 1% level. ** signiﬁcant at the 5% level. * signiﬁcant at the 10% level.
Model Alpha Market SMB HML PR1YR Bond Log L
Signiﬁcant 
increase 
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shows up as signiﬁcant in three out of four portfolios. Only the growth/income
portfolio seems to not be signiﬁcantly exposed to stock price momentum. While
the bond index (model 4) did not improve explanatory power based on the all
funds portfolio, it does add value for the growth funds portfolio. The remaining
three portfolios, however, are not signiﬁcantly exposed to a government bond
index.
Moving over to conditional performance models we ﬁrst have to note the
superiority of all conditional models over their unconditional counterparts (see
last column Table 5). Within the range of conditional models, the addition of a
time-varying SMB, HML and PR1YR momentum factor is again relevant for all
style portfolios (model 5–7). The evidence for the bond index is mixed. While
for both the growth and income portfolio model 8 signiﬁcantly increases Log L,
for the aggressive growth/small cap and the growth/income portfolio it does
not. Signiﬁcant time-variation in alpha can ﬁnally only be documented for the
income portfolio.
To illustrate the time-variation in alpha and betas for the income portfolio we
refer to Figure 2. First, the ﬁgure presents visual evidence for time-variation
in alpha. Alphas range from +10 per cent to −7 per cent over the 1960–2000
period. During the last 5 years (1995–2000) the income portfolio even under-
performs the market signiﬁcantly by over 5 per cent each year. Second, we ﬁnd
distinct patterns in the market beta (increasing), HML (increasing) and bond
(decreasing) over time.
The economic signiﬁcance of the nine different model speciﬁcations will be
illustrated by examining the inﬂuence of more elaborate performance models
on alpha. For the aggressive growth/small cap and growth portfolio, the alpha
estimates do not change dramatically when going from an unconditional CAPM
model (1) to a conditional Carhart model (7). For the growth/income and
income portfolio the use of more elaborate performance models has quite a
large impact on mutual fund alphas. Moving from an unconditional CAPM
model (1) to a conditional Carhart model (7) makes alpha for growth/income
funds decrease from −0.46 per cent to a signiﬁcant under-performance of −0.79
per cent. The decrease in alpha for income funds is even more dramatic, from
a −0.13 per cent for model (1) to a signiﬁcant −1.93 per cent each year when
using the Carhart model (7).
5. Discussion of the results and conclusion
During the past 30 years (since 1968) the ability of mutual fund managers
to beat the market gave rise to a ﬁerce debate. For example Jensen (1968) and
Sharpe (1966) argue that mutual funds under-perform the market by the amount
of expenses they charge the investor. Ippolito (1989) however, documented
signiﬁcantly positive risk-adjusted net returns of US mutual funds. More
recently several authors argued that the prior studies were either subject to data
biases (survivorship) and/or model misspeciﬁcation. For instance, it was argued220 R. Otten, D. Bams / Accounting and Finance 44 (2004) 203–222
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Figure 2 Time-varying alpha and beta for the income portfolio: January, 1962–December, 2000.
This ﬁgure presents the time-varying alpha, market beta, SMB, HML, PR1YR and Bond for the income 
portfolio. In order to introduce time-variation we allow the alpha, market beta, SMB, HML, PR1YR and 
Bond to vary over time as a function of (1) the 1 month T-bill rate, (2) dividend yield (3) the slope 
of the term structure and (4) the quality spread. Given are the time-varying parameter estimates 
(solid line), while 95% conﬁdence bounds are indicated using dashed lines.R. Otten, D. Bams / Accounting and Finance 44 (2004) 203–222 221
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that non-S & P 500 holdings and time-variation in risk and return must also be
accounted for.
The present paper provides a comprehensive assessment of existing mutual
fund performance models, using a survivor-bias free database of all US
mutual funds. Starting with the most basic single factor CAPM, we then explore
the added value of introducing extra variables such as size, book-to-market,
momentum and a bond index. In addition to that we evaluate the use of intro-
ducing time-variation in betas and alpha. Our main goal is to determine which
model is best suited to measure mutual fund performance. This is done by
assessing both the statistical and economic relevance of a range of model
speciﬁcations. The added value of the present study lies both in the step-wise
process of identifying relevant factors, and the use of a rich US mutual fund
database.
Our results reveal ﬁve major conclusions. First, we document a severe sur-
vivorship bias if dead funds are not included in the database. This leads to a
signiﬁcant overestimation of raw returns of 0.51 per cent and an overestimation
of alphas of up to 0.64 per cent per year. Second, within an unconditional
setting we ﬁnd the four-factor model, including market beta, SMB, HML and
PR1YR momentum is best able to explain mutual fund returns. Third, condi-
tioning betas on publicly available information proves to be a considerable
improvement in mutual fund performance measurement. All conditional models
are superior to their unconditional peers. Within the conditional setting the
four-factor model is again statistically the strongest model. Fourth, we ﬁnd very
little evidence of time-variation in fund alphas. Only at the investment style
level the portfolio containing funds in the income style exhibit time-variation in
alpha. Fifth, at the aggregate level all funds portfolio, the alpha estimate does
not change that much when going from an unconditional CAPM (1) to a condi-
tional Carhart model (7). At the investment style level, however, the inﬂuence
of using a more elaborate model is more signiﬁcant. Two out of four portfolios
exhibit signiﬁcant under-performance when using the conditional four-factor
model, whereas using the unconditional CAPM their performance was indis-
tinguishable from zero.
Returning now to the question of which model to use for performance meas-
urement, we will make a distinction between statistical and economic relev-
ance. Purely based on statistical signiﬁcance, the more elaborate multifactor
conditional models are clearly superior to the unconditional models. However,
if we consider the economic relevance of the elaborate models, another con-
clusion can be drawn. When measuring performance at an aggregated level
the inﬂuence of using elaborate conditional models is not that obvious. At the
investment style level, however, the use of richer models does have a clear
impact on alpha estimates for a great deal of funds. Overall it can be said that
conditional models add strong economic relevance because of the ability to
detect patterns in fund betas. This enables the investor to monitor the dynamic
behaviour of mutual fund managers.222 R. Otten, D. Bams / Accounting and Finance 44 (2004) 203–222
© AFAANZ, 2004
References
Brown, S. J., W. N. Goetzmann, R. G. Ibbotson, and S. A. Ross, 1992, Survivorship bias in
performance studies, Review of Financial Studies 5, 553–580.
Carhart, M., 1997, On persistence in mutual fund performance, Journal of Finance 52, 57–
82.
Carhart, M., J. Carpenter, A. Lynch, and D. Musto, 2002, Mutual fund survivorship, Review
of Financial Studies 15, 1439–1463.
Chen, Z., and P. J. Knez, 1996, Portfolio performance measurement: theory and applica-
tions, Review of Financial Studies 9, 511–556.
Christopherson, J. A., W. Ferson, and D. Glasmann, 1998, Conditioning manager alphas on
economic information: another look at persistence of performance, Review of Financial
Studies 11, 111–142.
Christopherson, J. A., W. Ferson, and A. Turner, 1999, Performance evaluation using con-
ditional alphas and betas, Journal of Portfolio Management, 59–72.
Elton, E., and M. Gruber, 1999, Common factors in active and passive portfolios. European
Finance Review 3, 53–78.
Elton, E., M. Gruber, S. Das, and M. Hlavka, 1993, Efﬁciency with costly information: a
reinterpretation of evidence from managed portfolios. Review of Financial Studies 6,
1–22.
Fama, E., and K. R. French, 1992, The cross-section of expected stock returns, Journal of
Finance 47, 427–465.
Fama, E., and K. R. French, 1993, Common risk factors in the returns on stocks and bonds,
Journal of Financial Economics 33, 3–53.
Fama, E., and K. R. French, 1996, Multifactor explanations of asset pricing anomalies,
Journal of Finance 51, 55–84.
Ferson, W., and R. Schadt, 1996, Measuring fund strategy and performance in changing
economic conditions, Journal of Finance 51, 425–462.
Gruber, M., 1996, Another puzzle: the growth in actively managed mutual funds, Journal
of Finance 51, 783–807.
Ippolito, R., 1989, Efﬁciency with costly information: a study of mutual fund performance,
Quarterly Journal of Economics 104, 1–23.
Jegadeesh, N., and S. Titman, 1993, Returns to buying winners and selling losers: implica-
tions for stock market efﬁciency, Journal of Finance 48, 65–91.
Jensen, M., 1968, The performance of mutual funds in the period 1945–64, Journal of
Finance 23, 389–416.
Khorana, A., and H. Servaes, 1999, The determinants of mutual fund starts, Review of
Financial Studies 12, 1043–1074.
Malkiel, B., 1995, Returns form investing in equity mutual funds 1971–91, Journal of
Finance 50, 549–573.
Pesaran, M., and A. Timmerman, 1995, Predictability of stock returns: robustness and eco-
nomic signiﬁcance, Journal of Finance 50, 1201–1228.
Sharpe, W. F., 1966, Mutual fund performance, Journal of Business 39, 119–138.